ABSTRACT The method to estimate joint motion quickly and accurately from surface electromyogram (sEMG) has been explored by many researchers. However, the effect of different grabbing loads is ignored by most of them, which limits its clinical and daily applicability. In order to eliminate this effect in the course of motion estimation, an Adaboost-AF method based on Adaboost regression was proposed to identify the load information and estimate motion intention. This method is composed of three parts: the sEMG preprocessing part, the load identification part, and the motion intention estimation part. The average value of sEMG feature signal, which is obtained during sEMG preprocessing part, was used to identify the load information. Five features, root mean square (rms), waveform length, difference absolute standard deviation value, the integral signal of sEMG (IEMG), and low-pass filtered signal of sEMG (LPFEMG) similar to sEMG envelope were explored whether the average value of features signal can be used to identify the load under different speeds. After the load was identified, the Adaboost regression framework with the decision tree as the weak learner was applied to be the motion intention estimation part. Experimental results showed that the average rms difference between an actual angle and estimated angle by using the Adaboost-AF method was 0.1193 ± 0.0148, and the average execution time for a section of data with 17.58 s was 0.3932 ± 0.0610 s. (Scikit-learn packet was adopted, and the version number was V0.21. The running software was Spyder, Python3.6.) This paper shows that the method based on the average value of sEMG feature signals can eliminate the influence of different loads without adding new sensors; IEMG and LPFEMG from the biceps brachii muscle show the optimal loads identification performance; the proposed Adaboost-AF method takes the influence of different loads into account and ensures the rapid and accurate estimation performance of motion intention.
I. INTRODUCTION
Surface electromyogram (sEMG) is a biological signal reflecting human motion intention. According to [1] - [4] , the joint angle as an important indicator of motion can be estimated from sEMG, and it has been applied in man-machine interaction, prosthetic control, etc. [5] - [14] . Tang et al. [3] mapped the nonlinear relationship between myoelectric signal and elbow joint angle using the back propagation (BP) neural network. Ngeo et al. [9] applied the electromyogram muscle activation model to estimate continuous finger kinematics. In [4] and [10] , some methods based on support vector machine and random forests were proposed to estimate joint motion from time domain multi-features. However, there are still some problems about how to extract accurate motion intention from sEMG to be studied.
The above works mainly discussed the relationship between sEMG and joint motion, but neglected the influence of different loads. This makes many estimation algorithms of motion intention available only in the laboratory. When sEMG is used to the control of exoskeletons or prosthetic limbs, the corresponding environment is complex and variable. For example, if loads grabbed by a person or prosthesis are variable, then different loads can have a bad effect on the accuracy of motion estimation. According to [11] , the training and testing results of motion intention estimation at different load levels showed that the root mean square error (RMSE) value was close to 20.44, and the corresponding RMSE value at the same load level was 7.86. This indicates that the load affects the accuracy of motion intention identification. In addition, changing the force level can reduce the performance of the myoelectric control system by up to 60% [13] . Therefore, the effect of different loads must be considered in joint motion estimation and auxiliary studies.
Few studies about eliminating the influence of different loads on joint angle estimation have been done. In [11] , force sensor was used to measure the force between palm and dumbbell and obtain the information of different loads during elbow joint movement. The above work is mainly based on sensor fusion technology, but there are still some deficiencies: 1) cost increase, 2) noise of force sensor or accelerometer may introduce new errors, thus reducing the accuracy of motion estimation; 3) low accuracy of motion intention estimation. Is there way to solve the impact of different loads on motion estimation by avoiding using additional sensors except sEMG sensors? The answer should be right. According to [15] , in order to improve the robustness of the resistance change of the pattern estimation system [15] , a robust feature extraction method based on time-dependent spectral feature extraction was proposed. Inspired by this work, as well as some research work on the relationship between sEMG and force [16] - [18] , it is known that load information can be found from sEMG signals. Therefore, it is reasonable, necessary and valuable to explore how to eliminate the influence of different loads on joint angle estimation based on sEMG.
The key is how to extract relevant information from sEMG to reflect the load information. Some works evaluating the effects of exoskeletons on patients have given some insight. In [19] and [20] , the root mean square (RMS) of each muscle in joint movement was calculated, and the muscle activities under different movement modes were compared. In [21] , low-pass filtered signal of sEMG (LPFEMG) was used to analyze muscle activation. In these studies, the loads on the upper and lower limbs were variable, and RMS and LPFEMG values were used as power indicators to analyze human muscular activity. Therefore, features similar to the sEMG envelope such as RMS, LPFEMG, and waveform length (WL) may contain load information. In addition to RMS, LPFEMG and WL, the difference absolute standard deviation value (DASDV) and integral signal of sEMG (IEMG) [22] - [24] are also similar to sEMG envelope.
Because of the area surrounded by the sEMG envelope and x axis can be approximated as energy consumption of muscle, five features (RMS, WL, DASDV, IEMG, LPFEMG) similar to sEMG envelope were explored whether the average value of features signal can be used to identify the load under different speed. The Adaboost algorithm is an ensemble learning framework that the weak learner of Adaboost algorithm can be easily replaced to find the best solution to the corresponding problem. It is a kind of adaptive boosting algorithm [25] . According to [26] , boosting is better than that of bagging algorithm. In this work, an Adaboost regression method using average feature values (Adaboost-AF) was proposed to realize motion intention estimation in the case of load change. The polynomial regression was used to estimate the load, then the load identification capability of these five features of sEMG can be compared. As far as we know, no researcher has used the average value of feature signal to identify the load and apply it to motion intention estimation. In this work, decision regression tree was selected as the weak learner, which constituted a strong learner under the framework of Adaboost regression to estimate motion intention from sEMG. Adaboost regression combined with preprocessing of sEMG module and load estimation module based on average value of feature signal constitutes the Adaboost-AF algorithm proposed in this paper. This work took the flexion and extension of human elbow joints as the research object to verify the effectiveness of the proposed algorithm, and the involving muscles were biceps brachii (BICE), triceps brachii (TRIC) and brachioradialis (BRAC) [27] - [30] . In order to explain the advantages of the proposed Adaboost-AF algorithm in motion intention estimation, the algorithm was compared with several existing algorithms, and the comparison term included the accuracy of motion intention estimation and the execution time needed.
II. METHODS

A. EXPERIMENTAL PARADIGM
In this study, nine healthy participants without any history of neuromuscular disorders participated in the experiment, and their information were listed in Table 1 . They were represented as A∼I. The experimental scheme was approved by Human Ethics Review Committee of Hefei University of Technology. Before the test, the experimental protocol was introduced to all subjects and the informed consent was given. In the course of experiments, they were told to be relax to avoid affecting the results and the wrist joint and shoulder joint were still to avoid affecting the collected sEMG signals. 
B. DATA ACQUISITION AND EXPERIMENTAL PROCEDURE
The experimental device is shown in Fig. 1 . sEMG signals were obtained using the circular surface Ag/AgCl electrode (YONGKANGDA Technology Inc, 10mm radius). According to [10] and [31] , the electrode spacing was 20mm. Hair on the subject's skin was shaved with a razor and skin was washed with alcohol before the electrodes were pasted. The muscles selected in this work are BICE, long head of TRIC and BRAC. The electrodes measuring the sEMG signal of BICE were on the line between the medial acromion and the fossa cubit at one third from the fossa cubit [31] . In addition, the location of electrode corresponding to the TRIC was at 50% on the line between the posterior crista of the acromion and the olecranon at two finger widths medial to the line [31] . The electrode corresponding to the BRAC was placed approximately 40mm distally from the lateral epicondyle of the elbow on the medical fleshy mass that covers the area [32] . In Fig. 1 , the electrodes in yellow and blue colors are the positive and negative electrodes, and the black ones are the reference electrodes. sEMG signals collected were first amplified by MyoScan model SA9503 M (Thought Technology Ltd) and then digitized by FlexComp Infiniti encoder (Thought Technology Ltd).
In this experiment, the shoulder joint and wrist joint were fixed to prevent the influence of shoulder joint movement and wrist joint movement on the whole experiment. To ensure that the calculated elbow motion is accurate enough, an angle sensor placed on the forearm is not enough to measure the actual elbow angle. Therefore, two angle sensors (InclinoTracTM from Though Technology Ltd) were installed on the upper arm and forearm respectively to measure the elbow angle. The elbow angle was obtained by calculating the values of these two angle sensors. The blue cable between these two angle sensors ensures synchronization of signals. The sampling rate was set to be 2048Hz, and the sampling signal was transmitted to the personal computer through TT-USB interface unit.
When sensors were placed in the corresponding place, the participant held a specific load with his right hand and conduct isokinetic contractions with certain speed. At the initial position, the upper limb is in a straight line with the forearm, the end position is perpendicular to the upper arm, and the range of motion is 90 degrees. A screen before the participant was used as a feedback, allowing the participant to check his or her range of motion and speed. A metronome was used to guide participants to complete motion with certain speeds. Load and velocity information are listed in Table 2 . In Table 2 , L1∼L7 represent the corresponding loads from 0kg to 2kg, and S1∼S4 represent the corresponding velocities from 30 • /s to 90 • /s. The combination of speed and load makes the number of cases be 28, and each participant does 10 trials for each case. In each trial, subjects performed 30 isokinetic contractions at specific speeds and loads. The relation between sEMG and load was explored with L1∼L5, and the relation was validated with L6∼L7, that is, the corresponding data of L6 and L7 had not been used before the test. There was a ten-minute rest between two adjacent trials.
C. DATA PROCESSING
The raw data of sEMG signal was filtered by the fourth-order butterworth bandpass filter with a bandwidth of 10Hz∼500Hz, and then the notch filter of 50Hz was used to eliminate the interference of 50Hz power frequency. The performance of motion estimation is negatively affected by the differences in magnitude of features. In this paper, the classic isometric maximum voluntary contraction method was adopted [33] , [34] to normalize the features. It means that the participants should make isometric contractions with a specific arm posture against the resistance, and then the measured maximal value of sEMG was used to normalize the rest of sEMG signal of the corresponding muscle.
Five important sliding window feature signals in time domain of sEMG were compared in this work, thus discussing whether the average values of sEMG feature signals can be applied to load identification, and comparing their load identification performance. All of these sEMG feature signals were calculated by sliding window function with fixed window width. In Eq. (1)∼Eq. (5), x i is the sample sEMG signal of time i. Similarly, x i−2 , x i−1 and x i+1 represent the signal samples at i-2, i − 1 and i + 1 respectively. N stands for window width, and was set to be 512. These five sEMG features are described below.
1) RMS
2) WL
3) DASDV
where c 
D. LOAD IDENTIFICATION AND JOINT ANGLE ESTIMATION
How to identify the load held by participants is an important problem to be solved. The block diagram of the Adaboost-AF algorithm proposed is shown in this paper. The gray part in the figure is the preprocessing part of sEMG, which has been described in Section II.C. The blue part is the load identification part. The input signal of Adaboost-AF algorithm is the raw sEMG signal, and the output signal of it is the estimated joint motion. In this work, it is proposed to calculate the average value of feature signal to identify the corresponding load. The average value of sEMG feature signal is calculated as follows:
Feature(i) describes the sEMG feature which can be one of RMS, WL, DASDV, IEMG and LPFEMG. A_Feature represents the average value of sEMG feature signal, and the above five features are represented as ARMS, AWL, ADASDV, AIEMG and ALPFEMG. M represents the number of sliding windows feature signals within a period. The reason for using the average value of feature signal is to eliminate the influence of the motion speed. t is the sampling period, and is equal to 1/2048. Since the motion of elbow joint is related to BICE, TRIC and BRAC, the values of A_Feature corresponding to each muscle under different speed and load conditions were calculated for comparison.
After the A_Feature was calculated, the relationship between A_Feature and load was established by using the polynomial regression method. The specific calculation formula is as follows:
where x stands for A_Feature which can be from one to three dimensions, which is corresponding to one muscle, two muscles or three. Therefore, there are 10 kinds of situations. However, this makes the problem be complicated. For the sake of simplification, this work only discussed the A_Feature value of a single muscle, that is, x is one-dimensional. Since BICE, TRIC, and BRAC muscles are related to elbow motion, only three situations need to be discussed now. The parameters a, b, c and d are polynomial coefficients. They were identified through training in Table 2 , and their corresponding values can be obtained after identification. Of course, due to Eq. (7) is continuous, the loads even not appeared in the scope of Table 2 , for example 0.4 kg, 1.6 kg, can also be identified by the identified polynomial formula. This is a advantage of the polynomial regression method over the classifier method. In addition, the calculation amount of polynomial regression method is more simple than the classifier method. The yellow part in Fig. 2 is the motion intention estimation part. After identifying the corresponding load and obtaining the optimal parameters corresponding to the Adaboost regression algorithm through training, when the new data comes, the features of sEMG signal is extracted, and the corresponding motion intention is calculated by using the Adaboost regression algorithm. The decision tree regression algorithm is used as the weak learner of Adaboost regression algorithm. In the process of motion intention estimation, 80% of all data were used as training data, while the rest were used as testing data. 
E. EVALUATION CRITERION
In this paper, RMSD is introduced to evaluate the performance of these motion estimation methods [35] . RMSD is defined as follows.
where y a is the actual joint angle and y e is the estimated angle. The smaller the RMSD value is, the better the angle estimation performance is.
F. THE ADOPTED COMPARISION METHODS AND CORRESPONDING PARAMETERS
The method proposed in this paper, Adaboost-AF, was compared with several existing methods (Decision tree regression [36] , random forest using MTDF, and BP-MF). The comparison terms involve the estimation accuracy rate of motion intention and the time required for motion estimation. The maximum depth of decision tree regression is 10, the maximum depth of random forest is 10 and its number of estimators is 180, the number of hidden layer nodes of BP neural network is 10, and the learning goal is 1e-5. The decision tree regression was selected as the weak learner of 5). After identifying the corresponding load and obtaining the optimal parameters corresponding to the Adaboost regression algorithm through training, when the new data comes, the features of sEMG signal is extracted, and the corresponding motion intention is calculated by using the Adaboost regression algorithm.
Adaboost-AF, with a maximum depth of 10 and an estimator number of 50. All algorithms are implemented using the scikit-learn package with version number V0.21. The software used is Spyder (Python 3.6).
III. RESULTS
A. THE IMPACT OF DIFFERENT LOAD
The collected data contained sEMG signals from the nine participants (sEMG of BICE, TRIC and BRAC) and elbow joint angles. Fig. 3 shows an example of sEMG and joint angle under various loads corresponding to S4 velocity. As can be seen from Fig. 3 , the amplitude of sEMG increases as the load increases although the joint angles are almost the same. To illustrate the different load influences the accuracy of motion estimation, we took the movement and the corresponding sEMG data (L1 ∼ L5) under a certain load as the training data to train the corresponding regression model (Our previously proposed RF using MTDF method [10] was used here, the estimation performance of Adaboost-AF proposed in this paper will be introduced follow-up). After the regression model was obtained, data collected under another load (L1∼L5) was taken as the test data. The average value of RMSD at each velocity (S1∼S4) is shown in Fig. 4 . The values on the main diagonal of the matrix are the case in which training data and test data are under the same load, while the values on the non-diagonal of the matrix are the case in which training data and test data are under different load. The values on the main diagonal are less than the values on the non-diagonal of the matrix, and the corresponding color on the main diagonal is lighter than other units in the matrix, as shown in Fig. 4 . For example, RMSD of L1-L1 (S1) shown in Fig. 4(a) is 0.1316 indicating that the motion estimation performance is good. RMSD values of L1-L2 (S1), L1-L3 (S1), L1-L4 (S1) and L1-L5 (S1) were 0.3258, 0.3845, 0.3697 and 0.3539, respectively. This suggests that different loads have a significant impact on the motion estimation from sEMG.
The overall results summary of RMSD values for the results shown in Fig. 4 is shown in Table 3 . When training data and test data were selected under the same load, 
the RMSD average value was 0.1228. On the other hand, when training data and test data were selected under different loads, the RMSD average value was 0.2783. In addition, the motion estimation performance of S2 and S3 are better than that of S1 and S4.
B. THE IDENTIFICATION OF LOADS
The load identification method proposed in this paper is based on the average value of feature signal. This study selected the five most commonly used sEMG feature signals in the time domain, namely RMS, WL, DASDV, IEMG and LPFEMG. In addition, the calculation formula of the average value of feature signal is Eq.(6). The average root mean square value is indicated by ARMS, which is used as an example in this section. Due to space limitation, other parts are in the appendix. Table 9∼ Table 16 in the appendix part gives other results of features under different loads and different speeds. Fig. 5 shows one example about the ARMS values of the BICE muscle of some participant with thirty times isokinetic contractions under different speeds. Fig. 5 (a)∼Fig. 5(d) are corresponding to the ARMS value under S1∼S4 respectively. These five scatter lines have few intersections, and the average values of ARMS are almost proportional to the loads.
This suggests that ARMS values can be used as load indicators.
The ARMS values of the experimental participant F at different loads and speeds are listed in Table 4 and 0.2065 for 0.2kg. As a result, the ARMS value of BICE is more suitable for loads identification.
When the corresponding parameters of Eq. (7) are obtained according to Table 4 , the polynomial relationship between ARMS values and loads can be determined. So the new ARMS can be used to predict the corresponding loads. Due to space limitations, only the average predicted loads results of all participants (A∼I) are listed, as shown in Table 5 . When the actual load is 0.5kg, the corresponding average predicted load value is 0.5067±0.1570. When the actual load is 1kg, the predicted average load is 1.0255±0.2155kg. Similarly, the predicted loads using the ARMS of the TRIC and the BRAC were also obtained. The corresponding predicted results of TRIC were 0.4401±0.8675(0.5 kg) and 0.3745±1.8327(1 kg). The corresponding predicted results of BRAC were 0.3960±0.3212(0.5 kg) and 0.9151±0.3867(1 kg). Compared to BICE, the load forecasting performance of TRIC and BRAC were poor.
Considering the limitations of pages, the appendix part includes the results of other sEMG feature signals. By summarizing the results of Table 4, Table 5, and  Table 9∼Table 16, the predicted loads corresponding to different features of sEMG of all participants are listed in Table 6 . The results show that the estimated loads using sEMG feature signals from BICE are basically consistent with the actual loads. In addition, IEMG and LPFEMG feature signals of sEMG from BICE achieve optimal loads identification performance.
C. JOINT MOTION ESTIMATION
In order to compare with existing methods, this paper will compare the accuracy rate and calculation speed of motion intention estimation of Adaboost-AF proposed in this work and other existing methods. In this paper, the methods in [11] are firstly compared with the methods proposed in this paper. As the method in [11] contains two parts: 1) load identification part; 2) selecting the pretrained BP neural network parameters according to the identified load information. Therefore, if the accuracy rate of load identification is set to 100%, the method in [11] is essentially a BP neural network. Since there is no force sensor in this work, the load identification part is set to be fully accurate when it was used to compare with other methods. Moreover, the feature vector was changed from the previous RMS to the same five features as this paper, so it was renamed as BP-MF. Therefore, if the method proposed in this paper is superior to the BP-MF method, it must be superior to the Method one, Method two and Method three mentioned in [11] . Secondly, RF using MTDF method in [10] and Decision tree regression in [36] were also used for comparison.
The results are shown in Fig. 6 , and the specific RMSD values and the time required for execution are shown in Table 7 . The detailed comparision results of Table 7 are shown in Fig. 7 . The execution time means that the time consumed for a section of data with 17.58 seconds under the same programming environment (i5-5200u, 8G memory). Fig. 6 shows a few examples. Where Fig.6 (a)∼Fig.6 (c) show the movement intention estimation results of the proposed method under the same velocity (S1) and different loads (0kg, 0.5kg, and 1. Fig.6 (g) ∼Fig.6 (i) show the motion intention estimation results of these three methods(RF using MTDF, BP-MF, and Decision tree) under the same condition corresponding to Fig.6 (f) . The corresponding RMSD values are 0.1018, 0.1462 and 0.1433.
The average RMSD values of all participants at different speeds of S1∼S4 is shown in Fig. 8 . The time required for execution is shown in Table 8 . The average RMSD of the Adaboost-AF method was 0.1193±0.0148 and the corresponding average execution time was 0.3932±0.0610s. The average RMSD value of RF using MTDF was 0.1434±0.0288 and the average execution time was 0.4890±0.0761. The average RMSD value of BP-MF method was 0.1609±0.0385 and the average execution time was 0.0124±0.0039. The average RMSD of the Decision tree method is 0.1911±0.0475 and the average execution time is 0.0131±0.0030. By comparison, the RMSD of the Adaboost-AF method is the minimum and the accuracy of motion intention estimation is the highest. The average execution time of the Decision tree method is the shortest. Compared with Adaboost-AF, RF using MTDF have lower accuracy and longer execution time.
IV. DISCUSSION
The motion intention of human can be intuitively described as joint angle and joint torque. Since muscle torque cannot be measured directly, many researchers consider using some methods to map sEMG to joint torque or joint angle [1] - [20] . In addition, joint angle factor is also considered when sEMG is mapped to joint torque [37] . The reason is that joint torque is not equal to muscle torque, and muscle torque is also related to joint angle. When the sensor is applied to the Table 7 .
exoskeleton, the joint angle easily measured by the angle sensor is essential. Therefore, the relationship between sEMG and joint angle has been extensively discussed in [1] - [4] and [9] - [11] . The relationship between the gravitational field and joint angles is not always unique without adding constraints. Currently, estimation of desired joint motion from sEMG was subject to some limitations.
In this work, the starting and ending positions were fixed, and the motion was isokinetic so that the relationship between sEMG and joint angle can be determined. However, from Fig. 3, Fig. 4 and [11] , it can be seen that the factor of different load cannot be ignored. When this factor is ignored, it can be seen from Table 3 that the accuracy of motion intention estimation is not well (average RMSD value is 0.2783±0.0725). If the load is confirmed, the corresponding average RMSD values between actual motion and estimated motion is 0.1228±0.0234. When using sEMG to estimate the movement intentions for the control of an exoskeleton system or prosthesis, the load captured by a person or artificial limb should be variable.This is why the load impact must be considered to improve joint motion estimation performance.
In this work, five sEMG time domain feature signals were selected to explore whether sEMG feature signal information can be directly used to identify load information. In [19] - [21] , LPFEMG signal and RMS signal were used to describe the power. According to [18] , it was known that five time domain characteristic signals of sEMG (RMS, WL, DASDV, IEMG, LPFEMG) reflect the power released. Furthermore, the formula in Eq. (1)∼Eq. (5) are similar. This was why these features were chosen in this work. The load identification results shown in Table 6 also demonstrated the feasibility of using these features. According to Table 5 and the appendix part, the A_Feature values from BICE and BRAC can be used to estimate the corresponding load, and the performance of BICE was the best. However, when the A_Feature values from TRIC was used to estimate Table 7 . This is a zoom portion of these examples which is convinent to compare the motion estimation performance of various methods. Compared with a single characteristic value (RMS), its performance must be better. The default load estimation rate of BP-MF method is set to be 100%, so the accuracy of motion intention estimation of BP-MF method is better than the Method one, Method two, and Method three of [11] . If the performance of the presented methods Adaboost-AF is better than BP-MF, it will certainly better than the Method one, Method two, and Method three of [11] . RF using MTDF in [10] and Decision tree regression in [36] were also used for comparison.
the corresponding load, it was not effective and may even be negative. The reason may be as follow. According to [38] , the load requirement of the task tunes the endpoint kinematics to minimize muscle effort. According to this theory, muscle activation and hence arm kinematics changes with movement direction relative to gravity vector. Averaging patterns for opposed directions, as done here because of the cyclical movement task, may explain why TRIC data are so bad at predicting the load.
According to Table 6 , the A_Feature value of sEMG can be used to identify the actual load, and the predicted load is close to the actual load. The reason is that the average value of the characteristic signal is an important indicator to reflect the energy release of human body in the process of joint movement according to [19] - [21] . When joint motion is isokinetic, the power is almost proportional to the load. The results shown in Fig. 5 show that the A_Feature value can be used to identify the load information. Although the method proposed in [11] can also be used to identify loads, the method proposed in this work can avoid the use of force sensors. It not only reduced the cost, but also eliminated the influence of sensor noise. In addition, the performance of joint motion estimation using Adaboost-AF method is better than BP-MF as shown in Fig. 8 , which is definitely better than Method one, Method two and Method three in [11] . The reasons why Adaboost-AF method is superior to BP-MF method is that the Adaboost method as an ensemble method trains multiple learners to solve the same problem. In contrast to ordinary learning approaches (such as BP) which try to construct one learner from training data, ensemble methods try to construct a set of learners and combine them [39] . The initial values of BP neural network are random and it is easy to search the local minimum [40] - [45] . The average execution time of BP-MF is smaller than the Adaboost-AF method as shown in Table 8 , however, the corresponding average RMSD value is larger than the Adaboost-AF's. As the computational capabilities of most Microprogrammed Control Units are enough at present, the real-time performance of Adaboost-AF can be ensured. Therefore, the proposed method Adaboost-AF method is more suitable to the motion estimation problem than BP-MF method. As shown in Table 6 , the LPFEMG and IEMG features of the sEMG can be used to identify load with better performance. LPFEMG feature signal is the profile of sEMG signal. IEMG is the sum of the absolute value of the EMG signal amplitude, which represents the signals accumulated over a period of time, and it can better reflect the power. This may be why the two can be used to identify loads better.
In this work, polynomial regression was adopted as the load prediction method, which was more convenient and simple than the classifier based method. In addition, it can be applied to predict the load information that was not in the training data set. However, the classifier can only predict the load information in the training set [41] , which is another advantage of polynomial regression.
In our previous work, a combination of random forest and multiple time delayed features (RF using MTDF) method was used for motion intention estimation. In this work, the Adaboost-AF method was proposed and the Decision tree regression was used as a weak learner to recognize motion intention in the framework of Adaboost regression. According to Fig. 8 and Table 8 , the proposed Adaboost-AF method has the highest accuracy of motion intention estimation and requires less time to execute than the previously proposed RF using MTDF method. In addition, since Adaboost is a regression framework, weak learners can be modified according to the specific demands. In this work, Decision tree regression was adopted as weak learners. When this method was used in another situation, Decision tree regression can be considered to be replaced by Bayes ridge regression, Polynomial regression or logical regression and so on, so as to find the optimal combination.
During the experiment, since the patient grabbed a load, muscle fatigue was easily caused. Therefore, the number of repetitions of each experiment was 30 times, and there was a ten-minute rest time in the adjacent experiments, so as to prevent muscle fatigue and its impact on the experimental results.
In future, the proposed method in this work will be applied in the upper limb exoskeleton and the training course of patients includes the identification of the relationship between main loads and A_Feature values, the optimal parameters of the motion estimation algorithm, and the library of regression model about the corresponding sEMG and angle.
V. CONCLUSIONS
In this work, the average value of feature signal of sEMG was used as the load index to eliminate the influence of different loads on the motion estimation of sEMG joints and avoid using new sensors. By exploring five average value features of sEMG and appling them to load identification, the IEMG and LPFEMG features show better load prediction performance. In addition, the Adaboost-AF method based on Adaboost method was proposed to identify the load information and estimate the corresponding intentional motion from sEMG. The average motion intention estimation effect of this method was 0.1193±0.0148, and the calculation speed was fast. ZHENGSHI LIU is currently a Professor with the Hefei University of Technology, Hefei, China.
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